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Approximate distribution:
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Il: Work with sampling
Keep distribution unknown in model
"Online” samples in solution process
— Black Box Model

Main Problem
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Notations
m P{A}: Probability that event A arises

m 1 = E[X]: expectation of random variable X
m o := 4/ V(X): standard deviation of random variable X

m ox(x):
Density function of continuous random variable X
Probability mass function of discrete random variable X

B Ox(c)=P{X < c}: Cumulative distribution function of
random variable X
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m x;: Random variable

m Dependent or independent?
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3 9%

Linkdping University

Stefanie Kosuch Stochastic Optimization 34/




Stochastic Optimization
L

‘—Important distributions

L Continuous distributions

Outline

Important distributions
m Continuous distributions

Linkdping University

Stefanie Kosuch Stochastic Optimization



Stochastic Optimization

leportant distributions

L Continuous distributions

Important facts on continuous distributions

m Cumulative distribution continuous

Stefanie Kosuch Stochastic Optimization

C GAB

-

PN
Linkdping University

36/51



Stochastic Optimization

leportant distributions

L Continuous distributions

Important facts on continuous distributions

m Cumulative distribution continuous

m Density function continuous on certain interval(s)

C GAB

-

PN
Linkdping University

Stefanie Kosuch Stochastic Optimization 36/51



Stochastic Optimization

leportant distributions

LCom:inuous distributions
Important facts on continuous distributions
m Cumulative distribution continuous
m Density function continuous on certain interval(s)

mVa€e (—oo,00): P{X=2a}=0

C GAB

-

PN
Linkdping University

Stefanie Kosuch Stochastic Optimization 36/51



Stochastic Optimization

leportant distributions

LCom:inuous distributions
Important facts on continuous distributions
m Cumulative distribution continuous
m Density function continuous on certain interval(s)

mVa€e (—oo,00): P{X=2a}=0

E[X] = /OO y - ox(y)dy

— 00

C GAB

-

PN
Linkdping University

Stefanie Kosuch Stochastic Optimization 36/51



Stochastic Optimization

leportant distributions

L Continuous distributions

Normal distribution

AL
oK

Linkdping University

Stefanie Kosuch Stochastic Optimization



Stochastic Optimization

leportant distributions

L Continuous distributions

Normal distribution
Density function:

AL
oK

Linkdping University

Stefanie Kosuch

Stochastic Optimization



Stochastic Optimization

leportant distributions

L Continuous distributions

Normal distribution
Density function:

AL
oK

Linkdping University

Stefanie Kosuch

Stochastic Optimization



Stochastic Optimization

leportant distributions

L Continuous distributions

Normal distribution
Density function:

Cumulative distribu

()_;
= Voro?

tion function:

e

_ =w)?

202

AL
oK

Linkdping University

Stefanie Kosuch

Stochastic Optimization



Stochastic Optimization

leportant distributions

L Continuous distributions

Normal distribution
Density function:

Cumulative distribu

tion function:

¢X(C) =7

AL
oK

Linkdping University

Stefanie Kosuch

Stochastic Optimization



Stochastic Optimization

leportant distributions

L Continuous distributions

Normal distribution
Density function:

Cumulative distribu

tion function:

¢X(C) =7

AL
oK

Linkdping University

Stefanie Kosuch

Stochastic Optimization



Stochastic Optimization

leportant distributions

L Continuous distributions

Normal distribution
Density function:

(x) 1 _(x—;é)z
SOX X)) = —e 20
V2o
Cumulative distribution function:
¢X(C) =7

Examples

m "Natural” measures (body height, shoe size, tree heights...)

ity

Stefanie Kosuch Stochastic Optimization



Stochastic Optimization

leportant distributions

L Continuous distributions

Normal distribution
Density function:

(x) 1 _(x—;éf
SOX X)) = —e 20
V2o
Cumulative distribution function:
¢X(C) =7

Examples
m "Natural” measures (body height, shoe size, tree heights...)

m Economic phenomena (e.g. income distribution)

ity

Stefanie Kosuch Stochastic Optimization



Stochastic Optimization

leportant distributions

L Continuous distributions

Normal distribution
Density function:
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Cumulative distribution function:
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Examples
m "Natural” measures (body height, shoe size, tree heights...)
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L Continuous distributions

Uniform distribution

Density function:

if x € [a, b]
ox(x)=1¢ b—a
0 otherwise

Cumulative distribution function:

0if c<a

C_
bh—
lifc>b

Ox(c) = z if ¢ €[a,b]

Examples
m Waiting time for bus
m Leak between two access points to pipeline (appr.)
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Exponential distribution
Density function:
Ae ™™ if x>0

0 otherwise

Cumulative distribution function:

l—e*ifc>0

dx(c) =
x(€) 0 otherwise

Examples
m "Lifetime” (light bulbs, batteries, electronic components...)
m Time till next earthquake
m Amount of change in your pocket
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Some facts on discrete distributions

m Generally concern counts (" Number of...")

m J countable set S = S(X) such that
mP{X=a}>0&a€c$

B ox(x) =P{X = x}

m EX] =2 esy P{IX =y}

m Cumulative distribution function increases only by jump
discontinuities
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Cumulative distribution function:
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- #P: Counting problems associated with problems in NP
- tP-complete:
In §P and every problem in #P can be reduced to it

g P-complete problems
m "How many graph colorings using k colors are there for a
particular graph G?”
m "How many perfect matchings are there for a given bipartite
graph?”

fiP-complete problem solvable in pol. time = P = NP J
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Next lecture

m A little bit of history.
m (Some more small examples.)

m Uncertainty in the objective function.
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